A machine-learning model has been trained to discover Heusler compounds, which are intermetallics exhibiting diverse physical properties attractive for applications in thermoelectric and spintronic materials. Improving these properties requires knowledge of crystal structures, which occur in three subtle variations (Heusler, inverse Heusler, and CsCl-type structures) that are difficult, and at times impossible, to distinguish by diffraction techniques. Compared to alternative approaches, this Heusler discovery engine performs exceptionally well, making fast and reliable predictions of the occurrence of Heusler vs non-Heusler compounds for an arbitrary combination of elements with no structural input on over 400,000 candidates. The model has a true positive rate of 0.94 (and false positive rate of 0.01). It is also valuable for data sanitizing, by flagging questionable entries in crystallographic databases. It was applied to screen candidates with the formula AB 2 C and predict the existence of 12 novel gallides MRu 2 Ga and RuM 2 Ga (M = Ti-Co) as Heusler compounds, which were confirmed experimentally. One member, TiRu 2 Ga, exhibited diagnostic superstructure peaks that confirm the adoption of an ordered Heusler as opposed to a disordered CsCl-type structure.
Introduction
Heusler compounds form a large class of intermetallics that exhibit versatile properties.
The first compound, Cu 2 MnAl, was discovered in 1898 by Friedrich ("Fritz") Heusler, a German mining engineer, and attracted attention -before its structure or composition was understoodbecause it is ferromagnetic even though it is formed from metals that are nonferromagnetic. 1, 2 There seem to be simple rules for relating the electron count to the physical properties, 3 permitting the prediction of half-metallic ferromagnets, 4 ferrimagnets, 5 semiconductors, 6 and superconductors. 7, 8 Given their tunable semiconducting properties (made possible by adjusting the chemical composition to attain a desired electron count so that the band gap varies from 0 to a few eV), 3 these compounds are currently being heavily investigated for sustainable technologies such as solar energy and thermoelectric conversion. 9, 10 Exciting new applications for Heusler compounds include spintronics, 11,12 superconductivity, 7, 8 magnetocalorics, 13 and topological insulators. 14 Thus, these compounds are advancing the frontiers of science and providing solutions to materials engineering challenges in the future.
To gauge interest in this area, a plot of Heusler compounds reported structurally (culled from Pearson's Database
15
) shows a peak in the 1980's, when magnetic properties were examined, followed by a recent renaissance, when exotic properties were discovered ( Figure 1 ).
In Heusler's time, these compounds were thought to be solid solutions adopting the structure of one of the metal components. 2 More than 20 years passed before the first crystal structure was elucidated, 16 and many years still before an appreciation of the subtleties was attained. There are two families of Heusler compounds: half-Heusler compounds ABC, and (full-)Heusler compounds AB 2 C. The components are metals, where typically A is a large electropositive metal, B is a transition metal, and C is an electronegative metal (usually a p-block metalloid).
We focus our attention on the latter, referred to simply as Heusler compounds. The Heusler structure (also called Cu 2 MnAl-type) is a superstructure of the CsCl-type ( Figure 2 ). In AB 2 C, the B atoms form a primitive cubic sublattice; the A and C atoms are arranged in a disordered fashion within body centres in the CsCl-type but in an ordered fashion in the Heusler structure.
The CsCl-type structure contains two sites within a primitive cubic lattice (space group Pm 3 m)
whereas the Heusler structure contains three sites within a face-centered cubic lattice (space Determining the correct structures of these compounds is vitally important to improving their performance in materials applications, because subtle structural differences can greatly influence their physical properties.
Given this difficulty in structure determination, prior work has exploited first-principles quantum mechanical calculations, in which the structural preference is dictated by small energetic differences; 12 this could be viewed as a "brute force" approach to addressing the problem. For some categories of Heusler compounds, simple and chemically intuitive rules have been developed that relate electron count to their structures and properties, 3 but these rules are not necessarily applicable to the whole set of compounds. Here, we propose to apply datamining and machine-learning techniques with these aims: (1) assign the correct structure of
Heusler vs. inverse Heusler compounds for some arbitrary combination of elements, (2) predict the existence of new Heusler compounds, and (3) evaluate the reliability of structure assignments for the entire set of compounds AB 2 C reported in crystallographic databases ("data sanitizing").
Importantly, we also test these predictions through experimental methods (synthesis and structure determination). In general, predicting what structure will form for a given combination of elements is one of the "grand challenges" of chemistry. 19 This goal has broader implications for advancing materials science, because compounds with specific properties can be discovered more quickly without having to explore vast reaches of chemical space. Finally comes the choice of machine-learning algorithm. Although many algorithms are possible, we have chosen the random forest algorithm 24 because it has been successfully applied to materials informatics and requires no external validation step. 25, 26 This algorithm is an example of an ensemble method, which trains multiple predictors and combines their results to make a single final prediction. In the case of random forest, each of these sub-predictors is a decision tree trained on a fraction of the training data, where the possible descriptors for each branch point is a random subset of the descriptor list. An example of one such decision tree is illustrated in Figure 3 . The decision tree structure is able to capture complex interactions between descriptors. By averaging over the predictions of an ensemble of these decision trees, 
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Synthesis and Structural Characterization. From the recommendations offered
above, the most promising Heusler compositions were identified for experimental validation.
However, candidates involving substitution of similar elements were excluded to apply a fair test of the model (e.g., if FeB 2 C and NiB 2 C are known Heusler compounds, the unknown but chemically obvious compound CoB 2 C containing the intervening transition metal was not considered). The ternary gallides MRu 2 Ga and RuM 2 Ga (where M is a first-row transition metal) were targeted for synthesis because their probability of forming Heusler compounds is predicted to be high, their existence cannot be extrapolated simply through periodic trends from previously known compounds, and they are dissimilar to previous M-M′-Ga phases which mostly contain first-row transition metals for both M and M′ components. These gallides were also chosen because they are predicted by a thermoelectrics recommendation engine 27 (using a similar algorithm as the one presented here) to exhibit low thermal conductivity, a property that has been associated with half-Heusler but not Heusler compounds. For example, this thermoelectrics engine predicts that TiRu 2 Ga, if it formed, would have a high probability of exhibiting a thermal conductivity κ of less than 10 W m -1 K -1
. Conversely, to test for false negative predictions, the series LaM 2 Ga (where M is again a first-row transition metal) was also targeted for synthesis because their probability of forming Heusler compounds is predicted to be low.
Mixtures of Ru powder (99.95%, Alfa-Aesar) or La pieces (99.9%, Hefa), powders of various first-row transition metals M (Ti to Ni, >99.5%, Alfa-Aesar or Cerac), and Ga pieces (99.95%, Alfa-Aesar) were combined in ratios according to the formulas indicated above with a total mass of 0.2 g, pressed into pellets, and melted on a copper hearth under argon atmosphere in an Edmund Bühler MAM-1 arc melter. The ingots were placed in fused-silica tubes, which were evacuated and sealed. Annealing was done in one step at 800 °C, followed by quenching in cold water. The samples were ground to powders and examined by powder XRD on an Inel diffractometer equipped with a Cu Kα 1 radiation source and a curved position-sensitive detector.
Single crystals of TiRu 2 Ga were selected and confirmed by energy-dispersive X-ray (EDX) analysis, performed on a JEOL JSM-6010LA scanning electron microscope, to have a composition (Ti 24(2) Ru 49(3) Ga 27(3) ) in good agreement with the formula of a Heusler compound.
Single-crystal diffraction data were collected at room temperature on a Bruker PLATFORM diffractometer equipped with a SMART APEX II CCD area detector and a graphitemonochromated Mo Kα radiation source, using ω scans at 8 different φ angles with a frame width of 0.3° and an exposure time of 15 s per frame. The structure was solved and refined with use of the SHELXTL (version 6.12) program package. 28 Face-indexed absorption corrections were applied. The cubic space group Fm 3 m was chosen on the basis of Laue symmetry, intensity statistics, and systematic absences.
Results and Discussion
Predicting the existence and structure of unknown compounds is an ongoing challenge in chemistry. At one extreme, semiclassical approaches assume that the structure depends on chemical concepts like atomic size and electron count, which are used to create structure maps; [29] [30] [31] although intuitively appealing, there is a risk that the choice of parameters is biased or too simple. At another extreme, first-principles quantum mechanical calculations are performed to determine the total energies of alternative structures; 32, 33 however, the gain in accuracy is offset by a loss in easy understanding through general chemical concepts and by a need for powerful computational resources. Intermediate approaches such as principal component analysis and machine-learning methods are now being applied to this general problem. The Heusler prediction engine offers several key advantages compared to the previous approaches: (1) it is fast, giving predictions with fractions of a second; (2) it requires no structural information, the very thing that needs to be predicted; (3) it uses only descriptors based on elemental properties (or combinations thereof), which are well tabulated in the literature; and (4) it evaluates quantitative probabilities for the formation of a hypothetical compound. With this tool, experimentalists can exploit machine-learning guidance to complement their chemical intuition in designing compounds. In this way, they can accelerate the search for new materials, they can reduce the risks when the syntheses are difficult, costly, or dangerous to perform, and they can get new ideas to "think outside the box."
Prediction of New Heusler Compounds. For experimental validation, several
compounds were selected belonging to two series of unknown gallides MRu 2 Ga and RuM 2 Ga (M = Ti-Ni), which have probabilities of >50% of being Heusler compounds according to the machine-learning model, including both positive and some non-obvious positive predictions ( Figure 5 ). In contrast, a model based on valence electron count predicts that these gallides have probabilities of <60% of being Heusler compounds, except for CoRu 2 Ga, which has a good chance (probability of 92%) of success; three of these -RuTi 2 Ga, RuV 2 Ga, and RuCr 2 Ga -have zero probabilities of forming Heusler compounds (Table S3 in Supplementary Information).
This stark difference in predicted outcomes provides a good test of the machine-learning model vis-à-vis conventional heuristic models.
As vindication for the value of the machine-learning model, arc-melting and annealing reactions (at 800 °C) led to the successful preparation of all members of MRu 2 Ga and RuM 2 Ga (except for M = Ni) with Heusler structures, as confirmed by powder XRD ( Figure 6 and Table   S4 in Supplementary Information) on all samples and single-crystal XRD on TiRu 2 Ga as a representative member (Table S5 in provides definitive evidence that these gallides adopt an ordered Heusler rather than a disordered CsCl-type structure. SEM/EDX analysis reveals that the compositions agree well with the formula of a Heusler compound and that the crystallites are chemically homogeneous ( Figure S4 in Supporting Information). The two Ni-containing members (NiRu 2 Ga, RuNi 2 Ga) were not confirmed experimentally, but neither could the powder XRD patterns of these samples be assigned to any existing phase. In fact, Ni-containing intermetallic systems are often anomalous in that they exhibit a much richer variety of phases with diverse compositions, 36,37 not captured within the purview of this prediction engine. It is possible that under the synthetic conditions used, which were not optimized, equilibria were at play involving formation of neighbouring phases with compositions close to the Heusler structure.
Experimental validation for negative predictions is also important, to ensure that the prediction engine does not give false negative results. To test for these, compounds belonging to a third series LaM 2 Ga (M = Ti-Ni) were selected, which have probabilities of <20% of being
Heusler compounds based on the machine-learning model ( Figure 5 ). (For comparison, the valence electron count model also indicates that these compounds have low probabilities, <40%, of being Heusler compounds, except for LaCo 2 Ga, with a probability of 57% (Table S3 in Supplementary Information)). The reactions attempted did not lead to formation of any ternary compounds, but rather to binary phases (LaGa, La 5 Ga 3 , LaGa 2 , and elemental M). Indeed, as post hoc rationalization, inspection of the few phase diagrams experimentally investigated here (La-V-Ga, 38 La-Mn-Ga, 39 La-Fe-Ga 40 ) reveals no ternary phases in these systems. should be a Heusler compound at an 85% probability (the anomalously high entry in Figure 4b ).
The experimental ambiguity is understandable because, as discussed earlier, the simulated powder XRD patterns for LiAg 2 Al are fortuitously identical for Heusler and inverse Heusler structures ( Figure 2 ). There is also a generalization that Heusler structures AB 2 C tend to contain a transition metal as the B component, whereas inverse Heusler structures A 2 BC tend to contain a large electropositive metal as the A component. Given that Ag is a transition metal and Li is not a large or strongly electropositive metal atom, the assignment of LiAg 2 Al as a Heusler compound is more chemically sensible. We have attempted DFT calculations to ascertain which of these two alternative structures is more stable, but the energy differences are too small to be conclusive; in any case, experimental evidence is more conclusive.
In addition to identifying potential false positives as in the case of LiAg 2 Al above, inspection of the probability distributions also reveals several potential false negatives (the anomalously low entries in Figure 4a) ; i.e., compounds that are predicted to be non-Heusler, but have been reported in the literature as Heusler compounds. Most of these compounds are Li-rich intermetallics (Li 2 IrSn, Li 2 AgSn, Li 2 PdGe, Li 2 CuSn, Li 2 PdPb, Li 2 CoSb), with probabilities ranging from 3 to 26% of being Heusler compounds. It is no accident that all these problematic examples contain Li, which is difficult to detect using X-ray diffraction methods because of its poor scattering ability. Although beyond the scope of this paper, further structural investigation of these compounds, perhaps by neutron diffraction, would be worthwhile.
Conclusions
A machine-learning prediction engine exploiting a random forest algorithm was applied to evaluate the probabilities at which compounds with the formula AB 2 C will adopt Heusler Because these compounds may also be good candidates for thermoelectric materials, 23 it will be worthwhile to optimize the synthesis of these compounds so their physical properties can be measured. Preliminary measurements suggest that TiRu 2 Ga exhibits low thermal conductivity but this requires further confirmation. The results have significant broader impact in accelerating the search for not only Heusler compounds (which have diverse applications for sustainable energy, among many), but also materials candidates for other applications, by offering ideas "outside the box." Table 1 
For Table of Contents Only
On the basis of a machine-learning prediction engine that gives probabilities for the occurrence of Heusler compounds, the existence and nonexistence of three series of gallides were experimentally confirmed.
` with the same structure as Ru).
b One unidentified peak suggests trace amount of unknown phase. Ru-Ru (×4) 3.0368 (7) Ti-Ga (×4) 3.0368 (7) a R F c U eq is defined as one-third of the trace of the orthogonalized U ij tensor. . CCD frames from single-crystal diffraction data collection of TiRu 2 Ga. The observation of weak superstructure reflections 3 1 1 (enclosed in squares) provides evidence for a Heusler structure instead of a CsCl-type structure. The relative intensities in the simulated powder XRD pattern cannot be directly compared with those on these images which also depend on the diffractometer angles. 
